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Abstract

The impact of size variables on bidder announcement returns can be decomposed into

two effects, the “size as proxy effect” which was the focus of the prior M&A literature,

and a “scaling effect” which magnifies per-dollar value created in a given deal. Using

data of US takeovers from 1981 to 2014, we document that small bidders make better ac-

quisitions than large bidders when they acquire non-public firms, but worse acquisitions

when they acquire public firms, which is inconsistent with size as proxy explanations

(e.g., size proxying for overconfidence of a firm’s managers or agency problems). The

pattern is consistent with scaling, because value created for bidders is on average neg-

ative for public target deals, but positive for non-public target deals. Scaling creates

additional predictions for target size, relative size, and international M&A deals we

show are borne out by the data.
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A central question in the M&A literature is which transactions generate shareholder value for the

acquiring firm (the “bidder”), usually measured by bidder announcement returns from short-term

event studies. The size of the bidder consistently emerges as a key variable explaining variation

in bidder announcement returns.1 For example, in a standard data set of 27,000 domestic US

takeovers from SDC over the period from 1981 to 2014 used in this paper, the spread in average

three-day bidder announcement returns, between the top and the bottom bidder size quintiles

without additional controls is 3% (t = 16.7). Target size is similarly important. With little dispute

about the empirical power of size variables to explain variation in bidder announcement returns,

the central economic question is: why does size matter for bidder announcement returns?2

The predominant approach in the recent M&A literature is to interpret size as a proxy variable

for some underlying economic driver. Existing proxy explanations include size proxying for man-

agerial skill, managerial overconfidence, the presence of agency problems, overvaluation, availability

of growth opportunities, cash constraints, effectiveness of merger arbitrage, information available

about a firm, and a firm’s competitive environment. Despite this bewilderingly long list, and unan-

swered questions about which explanation should be preferred and in which context, there seems

to be a near consensus in the literature that size is best interpreted as a proxy for some underlying

value driver that impacts value creation for bidders.

Our paper argues that this emphasis on bidder size as a proxy variable is misplaced. It has

three parts. In the first part of the paper, we revisit the facts in the data, using the data set

mentioned above. We start by splitting the data by public and non-public targets. Splitting the

sample in that way is motivated by empirical relevance: the non-public target subsample represents

more than 85% of all observations, while the public target subsample represents about 64% of total

dollars spent on acquisitions. It is also motivated by relevance for the literature: almost one half

of published studies restrict themselves to public targets, while the other half uses both public and

non-public targets.

The analysis documents strong reversal patterns (i.e., flipping signs) in the data across the

subsamples, summarized in Table 1: (i) for non-public target deals, holding constant the size of the

1For example, in a survey article on the M&A literature, Betton, Eckbo, and Thorburn (2008) call bidder size one
of “the two key drivers” of bidder announcement returns.

2While our empirical work below will look at both, bidder and target size, we will use the term “size” in the
following when the discussion is equally relevant for both bidder and target size, or when the context is such that no
confusion can occur.
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target, larger bidders are associated with lower bidder returns, and, holding constant the size of the

bidder, larger targets are associated with higher bidder returns, and, (ii) for public target deals,

all signs reverse. These reversal patterns are very robust. They show up in sorts and regressions,

and they are not driven by particular industries and time periods. We argue that reversal patterns

shown in Table 1 is a main regularity to explain. They represent a simple but sharp test on existing

proxy explanations for size effects in the recent M&A literature.

Table 1: Key Facts in the Data

This table shows the sign on bidder and target size variables, respectively, when bidder announcement returns

are regressed on these size variables (as well as controls) in the sample of domestic US takeovers we use in

this paper.

Interpretation: This table presents the reversal pattern central to this paper. Within public and private

target subsamples, bidder and target size variables have opposite signs. Across subsamples, bidder (target)

size has a positive sign in one subsample, and a negative sign in the other. This pattern is hard to explain by

existing size as proxy explanations, but consistent with the scaling explanation advocated in this paper.

Subsample: Sign when regressing bidder announcement returns on controls and ...

Bidder Size Target Size

Private Targets: − +

Public Targets: + −

In the second part of the paper, we show that the leading explanations for size effects in the

recent M&A literature do not predict signs to flip across the subsamples. For example, influential

prior work by Moeller, Schlingemann, and Stulz (2004) suggests the bidder size effect may be

driven by managerial overconfidence, under the assumption that managers in larger firms are more

overconfident, and that more overconfident managers are more likely to make bad deals. But,

under the overconfidence hypothesis, smaller firms should also make better acquisitions when they

acquire a public target. Because we find precisely the opposite, the reversal test casts doubt on

the hypothesis that size matters because it proxies for overconfidence. Similar arguments apply to

virtually all other size as proxy explanations proposed in the recent literature.3

In the third part of the paper, we argue that the previous literature is trying to explain patterns

that are easier to explain by a simple scaling model. We start by showing analytically that the

3To avoid misunderstandings: we do not argue, and our results in this paper do not imply that managerial
overconfidence (or other potential value drivers like agency concerns) would not matter in the M&A context in
general.
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impact of size variables on bidder announcement returns can be decomposed into two effects, the

“size as proxy effect” which was the focus of the prior literature, and a “scaling effect”.

Scaling refers to the property that bidder and target size (and, therefore, relative size) magnify

a given per-dollar gain or loss in a given takeover. The intuition is simple. A bidder who loses n

cents on every dollar invested will, all else equal, lose more if it invests more. Hence, for a given

size of the bidder, a larger target implies a larger percentage decrease in the value of the bidder if

n is negative. If we fix target size instead, and therefore the dollar loss from the transaction, the

percentage drop in the value of the bidder will be smaller, the larger the bidder. For a bidder that

gains n cents on every dollar invested, analogous reasoning implies that larger targets and smaller

bidders lead to larger percentage changes in bidder value. While the scaling intuition is not new

and goes back at least to Asquith, Bruner, and Mullins (1983), the more recent literature on the

impact of size on bidder returns has largely abandoned it in favor of size as proxy explanations.

We show that scaling can explain both, (i) the opposing signs on bidder and target size coef-

ficients within public and non-public deal subsamples, respectively, and (ii) the sign-flip of target

and bidder size coefficients across the public and non-public deal subsamples, shown in Table 1.

The reason is that the average deal in the public deal subsample has negative per dollar NPV, while

the opposite is true for the average deal in the non-public deal subsample (we document these facts

below). Once we know the sign of the per-dollar NPV, we can apply the logic from the previous

paragraph to each subsample and show that scaling predicts the reversal pattern. By contrast, and

as illustrated above, size as proxy explanations do not predict reversals.

Scaling is a good model in a Friedman (1953) sense: it is parsimonious and still explains the

first-order effects in the data that are at odds with explanations in the existing literature. It also

makes additional testable predictions. In particular, a sharp additional prediction of the scaling

framework is that, for a given size variable, the sign reversals should also occur within public and

non-public deal samples and not just across these samples. We test this prediction using quantile

regressions and find results consistent with the scaling model.

The quantile regressions also confirm another prediction of the scaling model: the sign of the

derivative of bidder announcement returns with respect to bidder and target size, respectively,

should flip at the same percentile of the bidder return distribution. This simultaneous sign-flip,

which is not predicted by any size as proxy explanation we are aware of, is a strong piece of evidence
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supporting the scaling view. The finding also suggests that bidder and target size are not distinct

variables that need separate theories linking them to bidder returns, which contrasts markedly

with the approach taken in much of the existing literature. From an identification standpoint, the

within-subsample reversals we document raise the bar for alternative interpretations of our findings

considerably. They also show it is unlikely that our results obtain because of omitted variables, or

because non-public and public target deals are selected subsamples.

The results of our paper have several important implications for the M&A literature. First,

to understand why size matters for bidder announcement returns, bidder and target size are best

interpreted as scaling variables, not as proxies for some underlying value drivers. Second, bidder

and target size are not distinct variables that need separate theories linking them to bidder returns.

Scaling provides a unifying framework. Third, a prominent stylized fact in the literature, which

continues to influence both empirical and theoretical studies on takeovers, is that “smaller bidders

make better acquisitions” (e.g., Moeller, Schlingemann, and Stulz (2004), Betton, Eckbo, and Thor-

burn (2008), Gorton, Kahl, and Rosen (2009)). The reversal evidence shows that “smaller bidders

make better acquisitions” is a reasonable starting point for empirical or theoretical work only in

some specific contexts, but, because central parts of the data show the precise opposite pattern, it

should not be viewed as a stylized fact about takeovers in general. Interpreted more broadly, our

paper illustrates the dangers of too uncritically accepting explanations for economic phenomena

based on very indirect proxies.

In terms of methodology, our paper is simple. We do not exploit a natural experiment or other

exogenous shock to our variables of interest. Our evidence is based on “old-fashioned” marginal

correlations by necessity. This approach follows the literature, because marginal correlations are

so far the only viable evidence on this question of great importance to the M&A literature.

1 Data

The data we use are standard in the literature on takeovers. Our initial sample consists of all

takeover bids of public US bidders for public and non-public US targets in the Thomson Reuters

SDC database from January 1, 1981 to December 31, 2014. We require that the bidder owns

less than 15% of the target before the announcement and more than 80% after the transaction is
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completed. We exclude deals with missing deal value, penny stocks, repurchases, recapitalizations,

rumored, and target solicited deals. Following Moeller, Schlingemann, and Stulz (2004), we elimi-

nate deals with below 1 million US$ deal value and deals with relative size (deal value over bidder

market capitalization) smaller than 1%. We obtain stock price data from CRSP and balance sheet

data from Compustat.

We calculate bidder and target cumulative abnormal returns over a three day window around

the announcement. Abnormal returns are determined relative to a market model estimated over

days −280 to −31.

Bidder size is measured by market capitalization, defined as price (CRSP: PRC) times shares

outstanding (CRSP: SHROUT), at the last fiscal year end before the announcement. Target size

is measured for public and non-public targets by deal value (as reported in SDC), but we have

verified that our main results also obtain when we replace deal value by market capitalization

before the announcement (which is available only for public targets). All variables denoted in US$

are adjusted for inflation and expressed in 2014 constant US$.

We control for a set of standard variables in our regressions (e.g., Baker, Pan, and Wurgler

(2012), Moeller, Schlingemann, and Stulz (2004)). We control for the return on assets, defined as

EBITDA (Compustat: EBITDA) over total assets (Compustat: AT), and the book to market ratio,

defined as book equity divided by market capitalization, where book equity is total shareholders’

equity (Compustat: SEQ) plus deferred taxes and investment tax credit (Compustat: TXDITC)

minus the redemption value of preferred stock (Compustat: PSRKRV). All these variables are

based on the bidder’s last fiscal year end before the announcement. We control for a set of deal

characteristics obtained from from SDC, including dummy variables indicating payment through

stock only or cash only, tender offers, hostile takeovers, conglomerate mergers (mergers in which the

bidder is in a different 2-digit SIC code industry than the target), and competed deals (with more

than one bidder). We also include a dummy variable indicating new economy firms (classified by

SIC codes 3570 to 3579, 3661, 3674, 5045, 5961, or 7370 to 7379), and the number of transactions

in the same 2-digit SIC code industry and year, to control for periods of heightened M&A activity

in all our regressions. We include additional fixed effects for industry, year, and industry × year

in our regressions where appropriate. Table 2 presents summary statistics (we provide additional

details on the sample in the Internet Appendix A.2, Table A-1 and A-2).
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As a basis for distilling common practices related to, and interpretations of, size variables in the

literature we conduct a scan of the M&A literature. Specifically, we try to identify all M&A papers

published from 2000 to 2017 in the Journal of Finance (JF), the Journal of Financial Economics

(JFE), Management Science (MS), and the Review of Financial Studies (RFS). We restrict the

search to these journals and this period to keep the data collection manageable. To the extent that

papers published in these journals are, on average, of a higher quality than other papers, focusing

on these journals allows us to gauge how some of the best work in the M&A literature deals with

size controls and size as proxy explanations. We list the 238 papers we analyze in the Internet

Appendix A.3, and we comment on the key findings in the text. 88 papers present a regression

with short-term bidder announcement returns as a dependent variable, which is the focus of our

paper.

Some of our tests analyze a sample of European takeovers. We obtain data on all mergers and

acquisitions in the Thomson Reuters SDC database, performed by bidder firms from current EU

countries as well as Iceland, Lichtenstein, Norway, Switzerland, and the UK announced between

January 1, 1980 and December 31, 2017. We obtain additional firm-level data from Datastream.

We otherwise use the same sample selection criteria as for our main US sample.

2 Facts in the Data: The Bidder Return-Firm Size Relation

In this section we present the relation between bidder size, target size, and bidder announcement

returns in the data. A feature of our empirical design is that we analyze the subsample of pub-

lic targets and non-public targets, separately. We document differences in the size-bidder return

patterns across the subsamples which we later show are informative for understanding which ex-

planations capture the role size plays for bidder announcement returns. While we split the sample

into public target and non-public subsamples in this section, we emphasize and show below that

our paper is fundamentally not a paper about public vs. private targets. Public and non-public

subsamples are simply laboratories that are well suited for showing our main effects in important

parts of the M&A data.
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2.1 Non-Public Targets

We start by describing the data for non-public targets. Because non-public targets are so plentiful

(86% of all observations in our full data set are from non-public targets), results for the full sample

of public plus non-public targets are qualitatively similar to the non-public target deal subsample.

We present sorting results for non-public targets only and omit the full sample results for brevity.

Panel A of Table 3 sorts bidder cumulative announcement returns (ACARs) into five bidder size

groups. Bidder returns decline monotonically when going from the smallest to the largest bidders,

which is the bidder size effect documented by Moeller, Schlingemann, and Stulz (2004). The

difference between smallest and largest bidder quintile is 2.5 percentage points (t = 12.4) and

therefore economically substantial. Panel B shows there is a weaker, but still significant tendency

of ACARs to increase in target size.

An issue with univariate sorting is the strong correlation between bidder and target size in the

data (ρ = 0.71 in logs), which is also apparent from the size numbers across quintiles shown in

Panels A and B. Larger bidders take over larger targets that are at the same time relatively smaller.

The correlation between bidder and relative size (all in logs) is −0.4. Sorting by one size variable

means we are also, implicitly, sorting on the other one. To get a clearer picture of the incremental

impact of target and bidder size, Panels C and D summarize results from double-sorts. In Panel C,

we first sort the sample into target size quintiles, and then, within each quintile, we sort on bidder

size. Panel C then presents for each bidder size quintile the weighted average across all associated

target size quintiles.4 The bidder size effect, i.e. “smaller bidders make better deals,” gets even

stronger in this case. Panel D repeats the exercise when reversing the order of sorting. At 2.8

percentage points (t = 13.1), the difference between top and bottom target size quintile is highly

significant both statistically and economically. Hence, the correlation between bidder and target

size in the univariate sorts masked part of the substantial impact target size has on bidder returns.

The size averages across groups in Panels C and D show that the double-sort does not perfectly

remove the correlation between target and bidder size. We therefore, in a next test, regress ACAR

on a full set of bidder size quintile dummies (without a constant) and demeaned target size. Figure

1, Panel (a) shows that removing the correlation between bidder and target size by controlling

4The complete 5 × 5 matrix is reported in the Internet Appendix A.2, Table A-3.
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for target size further increases the effect of bidder size. ACARs for deals by large acquirers (top

quintile) have 4 percentage points lower announcement returns than deals done by small bidders.

Panel (b) shows that the pattern for target size quintiles is the mirror image of the patterns for

bidder size quintile in Panel (a).

Table 4, Panel A, presents results from regressions of ACARs on the logs of bidder and target

size, as well as a set of standard variables used in the literature (see Section 1). Specifications (1)

and (2) present the full sample results (non-public and public targets), and specifications (3) and

(4) show results for the non-public subsample. Across all specifications (1) to (4) there is a strong

negative association between bidder size and bidder returns, and specifications (2) and (4) show

there is also a strong positive association between target size and bidder returns. The results are

thus consistent with our sorting evidence and show that the size-bidder return patterns in the sorts

are not induced by deal characteristics, firm characteristics, or industry characteristics.

The regressions in Panel A include year and bidder industry fixed effects and therefore remove

potentially confounding time-invariant heterogeneity along those dimensions. One specific concern

could be that mergers cluster by industry and year, and that our patterns are driven by time-varying

industry-level factors, which our year and industry fixed effects are not sufficiently controlling for.

To address this, we repeat the tests from Table 4, Panel A, but now include bidder industry × year

fixed effects and target industry × year fixed effects. Specifications (1) to (4) of Table 4, Panel B,

show that our results are effectively unchanged.

In sum, there are three important takeaways from this section. First, bidder and target size are

highly correlated. To accurately measure the incremental impact of one size variable, one needs to

control for the other. Second, once this correlation is taken into account, the size return patterns

for bidder size are the mirror-image of the patterns for target size. Third, the stylized fact that

smaller bidders make better acquisitions in term of ACAR is a robust feature of this subspace of

the merger universe.

2.2 Public Targets

We now turn to the subset of deals with public targets. Panel B of Table 2 shows that out of a total

of about 27,000 deals in our sample, less than 4,000 involve public targets. Hence, the “average

deal” is one involving a non-public target. However, public deals represent about 64% of the dollars
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spent on takeovers in our sample, so the “average dollar” is spent on a public target. The reason

is that public target deals are on average more than ten times larger than non-public target deals.

As shown in Table A-9 in the Internet Appendix A.3, 41% of the papers, we survey, regress bidder

announcement returns on explanatory variables focus exclusively on public targets. The subset of

public deals is therefore both economically and academically important.

Table 5 repeats the sorting exercise from Table 3, but this time with public deals. In the simple

sort by bidder size, in Panel A, the bidder size effect we previously found for non-public deals is also

present for public firms, albeit weaker. However, Panel C shows that once we sort by bidder size

within target size quintile, and therefore remove some of the confounding positive correlation with

target size, the sign on bidder size flips from negative to positive. Now, larger bidders make better

acquisitions, with a significant difference of 0.8 percentage points between the extreme quintiles

(t = 2.0). This finding is remarkable, because it reveals a stark difference between the non-public

and public target deal subsamples: bidder size affects bidder returns significantly, but with opposite

sign.

A set of more refined tests strengthen this conclusion. To better measure the true incremental

effect of bidder size, we regress ACAR on a full set of bidder size quintile dummies (without a

constant) and demeaned target size. Figure 1, Panel (c) presents results. While the pattern is not

perfectly monotonic, it is obvious from the data that larger bidders make better acquisitions for

public targets, while the reverse is true for non-public targets (Panel (a)).

Table 4, Panel A, specifications (5) and (6) present results from regressions which control for

firm, deal, industry, and year characteristics. Specification (5) shows that, without controlling for

target size the coefficient on bidder size is negative for the public target deal subsample, consistent

with the results for the full sample and non-public deals (specifications (1) and (3)). However, once

we introduce the control for target size in specification (6), the coefficient reverses and becomes

statistically significant with the opposite sign. This again highlights that controlling for target size

is critically important for determining the true incremental impact of bidder size on bidder returns.

Nevertheless, only 30% of the 88 papers in the JF, the JFE, the RFS, and MS, which run similar

regressions since the year 2000 are including a control for target size (see Table A-9).

Specifications (5) and (6) in Panel B of Table 4 address the potential concern that unobserved

time-varying heterogeneity on the industry level is inducing our results. In these specifications we
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include bidder industry × year fixed effects and target industry × year fixed effects to control for

these, potentially unobserved, sources of confounding variation. Using this more stringent approach

of comparing deals in the same industry-year cell of our data almost doubles the coefficient on

bidder size and increases its statistical significance substantially (T-values are now 3.9 and 3.6,

respectively). The effect is economically large. For example, the results in specification (5) of

Table 4, Panel B, imply that a one standard deviation increase in bidder size increases ACARs by

0.9%.

Looking at target size reveals a similarly striking difference between the non-public and public

subsamples. While larger targets were associated with higher ACARs for non public targets, they

are associated with smaller ACARs for public targets. These patterns show up strongly in simple

sorts (Table 5, Panel B) and double-sorts (Table 5, Panel D), where large targets are associated

with 2.3 (t = 6.5) and 1.9 (t = 5.3) percentage points lower ACARs, respectively. They also show

up strongly in Figure 1, Panel (d), where we regress ACAR on target size quintiles while controlling

for demeaned bidder size. Finally, they show up strongly in the multivariate regressions in Table 4,

Panel A, specification (6), and in Panel B, specifications (5) and (6), where we control for bidder

industry × year fixed effects and target industry × year fixed effects.

Tables A-4 to A-7 in the Internet Appendix A.2 present additional robustness checks. There

we show that our main results obtain also when we focus on serial acquirers, when we control for a

measure of CEO overconfidence due to Malmendier and Tate (2015), when we control for the time

to completion of the deal, and when we control for the number of analysts following the bidder and

the target.

2.3 Summary of Key Results

The key results from our look at the data are summarized succinctly in Figure 1. The figure

shows strong reversal patterns (i.e., flipping signs), both within and across subsamples of public

and non-public target deals, respectively.

Within subsamples, we observe that bidder returns increase in target size whenever bidder

returns decrease in bidder size, and vice versa (compare Panel (a) with Panel (b), and Panel (c)

with Panel (d)). Across subsamples, we observe that bidder and target size patterns are mirror

images: while, for non-public target deals, bidder returns decrease in bidder size, bidder returns
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increase in bidder size in the public target deal subsample (compare Panel (a) with Panel (c)). And

while, for non-public target deals, bidder returns increase in target size, bidder returns decrease in

target size in the public target deal subsample (compare Panel (b) with Panel (d)). As we have

shown above, these are important regularities in the data.

3 Implications

3.1 Do Small Bidders Make Better Acquisitions?

The above results speak to an influential idea in the literature: “small bidders make better acquisi-

tions,” which is often associated with the study of Moeller, Schlingemann, and Stulz (2004). Survey

papers like Betton, Eckbo, and Thorburn (2008) echo that smaller bidder make better acquisitions,

and theory papers like Gorton, Kahl, and Rosen (2009) start with the premise that “smaller bidders

make better acquisitions” is a fact that a theoretical model should match.

In contrast to that idea, our findings in the previous section document that “small bidders make

better acquisitions” is a much less general fact in the data than commonly thought. In fact, larger

bidders make better acquisitions for public target deals, once we move beyond simple univariate

sorts and control for target size.5

3.2 Size as Proxy Explanations

All previous results are in line with the widespread belief in the literature that size matters for

bidder announcement returns. The central question, then, is: why does size matter for bidder

announcement returns?

For starters, note that, among the 88 top journal papers in the M&A literature we survey in

Table A-9 in the Internet Appendix A.3, size is almost exclusively interpreted as a proxy for some

underlying value driver (we comment on some of them below, and present additional examples in

Table A-10). There are at least two potential issues with proxy explanations in this context. First,

firm size may plausibly correlate with many things, which makes it challenging to differentiate

5Alexandridis, Fuller, Terhaar, and Travlos (2013) also find that the bidder size effect no longer obtains for public
targets when target size is controlled for. As they do not analyze non-public deals, their study leaves open the
question whether the bidder size effect remains present for deals other than public. Our evidence shows this is indeed
the case. To understand size-related patterns, the authors propose a size as proxy mechanism we show is inconsistent
with the reversal results (see Section 3.2).
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between alternative proxy explanations. Second, the sign on the relationship between size and

a proposed value driver is often debatable. To give just one example, the quality of managerial

decision-making (and therefore bidder returns), may be higher in small firms, if agency problems

are less of a concern in smaller firms; alternatively, quality may be lower in smaller firms, under the

assumption that well-functioning labor markets should match higher skilled managers with larger

firms (e.g., Gabaix and Landier (2008)). Both issues put a limit on our understanding of why size

variables correlate with value creation for bidders in M&A transactions.

We propose a way forward by using the reversals from Figure 1 as a simple but sharp test on

existing size as proxy explanations. The test is powerful, because the size-bidder return relations

in Figure 1 are significant with opposite signs across the public and non-public target subsamples

and because existing size as proxy explanations have a hard time predicting flipping signs across

subsamples. Let us illustrate this idea by analyzing three prominent recent explanations in the

literature, two on bidder size and one on target size effects.

Perhaps the most widely cited explanation for bidder size effects is managerial overconfidence.

According to that hypothesis, overconfident managers make worse deals on average (as in, e.g., Roll

(1986)). And, because of the self-serving attribution bias, managers in large firms are hypothesized

to be more overconfident on average (e.g., Moeller, Schlingemann, and Stulz (2004)). The reversals

pose a challenge to the overconfidence explanation. Because managers in larger firms are more

overconfident, larger bidders are predicted to make worse acquisitions, consistent with the pattern

we observe for non-public targets in Panel (a) of Figure 1 (e.g., Moeller, Schlingemann, and Stulz

(2004)). However, and importantly, overconfident managers in large firms are predicted to also

make worse acquisitions when they acquire public targets. The fact that larger bidders make better

acquisitions when they acquire public targets (Figure 1, Panel (c)), thus cannot be explained by

managerial overconfidence unless one believes managers in large firms are more overconfident than

small-firm managers when they acquire a non-public target, but less overconfident than small-

firm managers when they acquire a public target. This seems implausible. We conclude that the

overconfidence explanation for size effects is rejected by the reversal test.

This basic idea is widely applicable. For example, it has been suggested that bidder size may

proxy for agency problems (e.g., Masulis, Wang, and Xie (2007)), and it has been suggested that

target size proxies for deal complexity (e.g., Alexandridis, Fuller, Terhaar, and Travlos (2013)).
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Completely analogous reasoning as in the overconfidence example suggests that the reversals are

inconsistent with these proposed mechanisms. To the best of our knowledge, there is no size as

proxy explanation in the recent M&A literature consistent with the sign-reversals in bidder and

target size coefficients we document across public and non-public subsamples.

Let us be more specific on why we think the reversal test is useful. While, in a strict mathe-

matical sense, finding one counterexample is sufficient to reject a statement as true, one empirical

counterexample is in general not enough to reject an economic theory. What we should care about,

instead, is whether a proposed economic mechanism fails to explain an economically significant part

of the data. The value of the reversal test lies precisely there: the non-public and public target

subsamples are both widely studied and economically important in terms of number of deals and

money invested. So our contribution is not to show that a proposed explanation in the literature,

like overconfidence, fails to describe some opaque corner of the data. Our contribution is to show

those explanations fail to describe the core of the data.

Finally, note that while our evidence cannot rule out that some of the existing size as proxy

theories are relevant (proxy explanations are not mutually exclusive with scaling), it effectively

rules out that they are the main driver of the observed patterns. We argue that, by appealing to

size as proxy explanations, the previous literature is trying to explain patterns that are easier to

explain by a simple alternative framework (presented in the next section) in which size is not a

proxy, but a scaling variable.

4 Beyond Proxies: A Simple Scaling Explanation

We start with the basic fact that the value of the bidder after the announcement of a takeover is

the value of the bidder before the takeover, plus the NPV of the deal that accrues to the bidder.

Bpost = B +NPV (Deal) = B +R× T, (1)

where B is the size of the bidder, measured as market value of equity before the announcement, Bpost

is the size of the bidder after the announcement, T is the size of the target, and R ≡ NPV (Deal)/T

is the per-dollar value generated (this quantity is referred to as profitability index in standard finance
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textbooks).6 The bidder announcement return, which is the percentage change in bidder value due

to the takeover, is therefore

ACAR ≡ (Bpost −B) /B = R× (T/B) . (2)

Conditional on the size of the target, a change in bidder size induces a change in ACAR by

∂ACAR

∂B
=
∂R

∂B
× (T/B) − R× T

B2
. (3)

Equation (3) shows that a change in bidder size affects bidder announcement returns via two

channels. The first channel, captured by the first term on the right hand side of the equation, is

that bidder size may affect the profitability index of the deal, i.e., per-dollar value R generated by

the transaction for the bidder. The second channel, captured by the second term, is what we call a

“scaling” effect: the same dollar amount of value created by a given takeover (R×T ) will translate

into a smaller percentage change in the value of the bidder for larger bidders. For example, if a

deal creates value of 100 to a bidder, this will increase the bidder’s value by 10% if bidder size is

1,000, but only by 1% if bidder size is 10,000. On the other hand, if a deal creates a loss of −100

to a bidder, this will decrease the bidder’s value by −10% if bidder size is 1,000, but only by −1%

if bidder size is 10,000.

The basic relationship in equation (3) illustrates the problem with size as proxy explanations

in the literature: those explanations emphasize the first effect, but implicitly neglect the second

effect. For example, the hypothesis that managers in large firms are more overconfident and thus

make worse decisions implicitly posits that ∂R
∂B < 0, but is not related in a meaningful way to the

second term in equation (3). However, once we neglect the scaling term, the sign on ∂ACAR
∂B is

fully determined by the sign on ∂R
∂B . To explain why bidder announcement returns decrease with

bidder size for non-public targets, but increase with bidder size for public targets, any feasible size

as proxy explanation would need to posit ∂R
∂B < 0 for non-public targets, but ∂R

∂B > 0 for public

targets. Neither the overconfidence hypothesis, nor any other size as proxy explanation we are

aware of would predict such a sign flip.

6For simplicity, and to focus on our main effect of interest, we abstract from potential variation in bargaining
power between targets and bidders of various sizes, and potential revaluation effects of the bidder itself.
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We suggest that, to understand the reversal patterns in the data, we should focus on the second

term in equation (3). To see why, consider the polar case of a pure scaling model, i.e., a model in

which ∂R
∂B in equation (3) is zero. (While this is a polar case, we show below that it approximates

the actual data quite well.) In the scaling model, the sign of ∂ACAR
∂B is equal to the sign of −R.

Hence, whether bidder announcement returns increase or decrease with bidder size depends on

whether the NPV created in the deal for the acquirer is positive or negative. The simple numerical

example above captures precisely that effect. Analogous reasoning shows that for target size, the

sign on ∂ACAR
∂T is equal to the sign of R.

The pure scaling model thus delivers three straightforward predictions: first, the sign of the

bidder announcement return is equal to the sign of the profitability index (R). Second, if R > 0,

then, all else equal, bidder announcement returns increase in target size, and decrease in bidder

size. Third, all signs flip when R < 0. There are additional predictions we discuss below.

If we apply the same predictions to samples of deals, rather than individual deals, the reversal

patterns in the data are no longer puzzling. Specifically, for the sample of public target deals, Table

2, Panel A shows a negative average bidder announcement return of −1.4%, which implies R < 0

for the average deal in that sample (direct computation of R = ACAR×B/T yields R = −8.27%).

The scaling model then predicts bidder returns are related positively to bidder size and negatively

to target size, consistent with what we have shown in Table 4, Panel A, specification (6), and in

Panels (c) and (d) in Figure 1. Conversely, in the sample of non-public targets, the average ACAR

is 1.4%, which implies R > 0 (direct computation yields R = 6.84%). Hence, the model predicts a

reversal in signs, compared with the public target sample, which explains the patterns in Table 4,

Panel A, specifications (1) to (4), and in Panels (a) and (b) in Figure 1.

The intuition is simple. A bidder who loses n cents on every dollar invested will lose more if

it invests more. Hence, for a given size of the bidder, a larger target implies a larger percentage

decrease in the value of the bidder if n is negative. If we fix target size instead, and therefore the

dollar loss from the transaction, the percentage drop in the value of the bidder will be smaller, the

larger the bidder. For a bidder that gains n cents on every dollar invested, analogous reasoning

implies that larger targets and smaller bidders lead to larger percentage changes in bidder value.

The pure scaling model was derived under the assumption that the first term in equation (3) is

zero, which is the case if ∂R
∂B is zero. For target size it assumes ∂R

∂T is zero. While we would not expect
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this to be literally true in the actual data, we can measure R in the data to gauge whether the

approximation is empirically defensible. Table 6 presents results. Across all specifications, we are

never able to reject the null that the profitability index R is the same across size groups. Comparing

coefficients across size groups indicates that differences across groups are overall modest. These

conclusions hold up also when we use 10 size bins instead of 5 (results unreported). We conclude

that a pure scaling is a very reasonable approximation to the data. Table 6, combined with equation

(3), is consistent with the view that most of the observed impact of size on bidder announcement

returns is due to scaling and that the influence of size as proxy effects is small in comparison.

The prior literature mostly treats bidder size, target size, and relative size as separate variables.

An appealing feature of the scaling framework is that it allows us to understand the relation between

bidder returns, bidder size, target size, and relative size using one common underlying economic

mechanism. Note first that Table 6 shows that the profitability index R does not vary across

relative size groups. Taking the derivative with respect ot relative size T/B in equation (2), then

yields ∂ACAR
∂(T/B) = R. Hence, we should observe the same pattern, qualitatively, for relative size, as we

do for target size, conditional on bidder size. In particular, we should also observe sign flips across

subsamples, depending on whether R is on average positive or negative in that sample. Table 4,

Panel D, shows that this is in fact what we observe in the data.7

In deriving equation (3) we have taken target size as exogenously fixed. Empirically, larger

bidders tend to have access to larger targets. As long as the distribution of the size of the targets

does not fully rescale with the size of the bidders (which is plausible), the rescaling effect in

expression (3) will be there.

7In related work, Fuller, Netter, and Stegemoller (2002) and Jansen, Sanning, and Stuart (2013) report that
relative size and bidder returns show different relationships across public and private deal subsamples. The former
paper proposes to explain these patterns by a specific mix of various interacting size as proxy explanations. The
latter paper, like ours, hypothesizes that the sign on the relative size coefficient is determined by the average NPV of
a given sample of takeovers. At the same time, that paper explicitly uses bidder size as a proxy for value destruction,
thus relying on the “small bidder make better acquisitions” effect we show is inconsistent with the data. Both papers
thus advance proxy explanations that are at odds with the results in our paper.
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5 Additional Evidence

5.1 Reversals are not specific to the Public/Non-Public Split

A skeptical reader may point out, correctly, that the decision to take over a public or a non-public

target is not random. Hence, it is theoretically possible that public and non-public deals differ

on some unobservable characteristic, which is itself correlated with bidder returns and the size

variable. In this case, the reversals we document across subsamples could be spuriously induced by

an omitted variable. While theoretically possible, it is not at all obvious what unobserved variable

or mechanism could induce signs to flip for both target and bidder size precisely in the direction

predicted by scaling. Moreover, from a conceptual standpoint, if we start with the assumption that

the baseline regression on the full sample is well specified, then splitting the sample into public and

non-public target subsamples is innocuous, because public status is a regressor in the full sample

regression.

Nevertheless, to be conservative, we propose two additional tests to rule out our empirical

patterns obtain because public or non-public deals are special. The tests are based on the idea

that, under a scaling view, we should also be able to detect reversals within subsamples. If we find

sign-flips within public and non-public subsamples, these sign-flips cannot be driven by an omitted

variable related to the endogenous decision to acquire a public or non-public target. We propose

two alternative approaches. The first approach is to suitably define subsamples within subsamples,

the second is to analyze the distribution of ACARs directly using quantile regressions.

Evidence from Public Target Cash and Stock Deals. To minimize data mining concerns,

we propose to look at the cash and stock payment subsamples within public target deals, which

are widely studied throughout the literature. For our present purposes, these subsamples are

interesting, because cash deals have small but positive announcement returns (+0.4%), while stock

deals have strongly negative returns (−2.7%) as can be seen in Table 2, Panel A. In the language

of the framework in Section 4, the sign of R for the average deal differs across these subsamples,

and we should therefore expect to see a reversal of sign on the size coefficients across these two

subsamples. Table 4, Panel C, shows that this prediction is borne out by the data, which supports

the view that our earlier results are not induced by public deals being associated with a particular
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size pattern for some unobserved reason.

An informative additional finding is that both size coefficients are noticeably smaller for the all

cash sample. According to the scaling model in Section 4 effects should be, all else equal, smaller,

the closer the sample average return is to zero (i.e., the closer R is to zero). Hence, the smaller

coefficients for cash deals are predictions of the scaling model borne out by the data.

Evidence from Quantile Regressions. According to equation (2), a higher profitability index

R is associated with a higher bidder announcement return. Intuitively, then, ordering all deals in

a sample by bidder announcement return will induce a low, and potentially negative, average R

among low ACAR deals, and a high average R for high ACAR deals. If Rs are negative for the

lowest ACAR deals and positive for the highest ACAR deals, we should observe size effects with

opposite signs in both tails of the ACAR distribution.

We use quantile regressions (e.g., Koenker and Hallock (2001)) to check for the presence of

within-subsample reversals.8 Table 7 presents results for each decile of our dependent variable

ACAR. Standard errors are obtained by bootstrapping with 1,000 replications. The table shows

we observe the predicted within-subsample reversal pattern for the full sample, as well as for the

public and non-public subsamples, separately. Across all specifications the bidder size coefficients

are positive and highly significant for low ACAR (i.e., the 10th percentile) and negative and highly

significant for high ACAR (i.e., the 90th percentile). We observe exactly the opposite for target

size coefficients.

These results strongly support the scaling model and argue against our earlier subsample results

being induces by some omitted variable causing the sign flip. In particular, because we now observe

reversals within public and non-public subsamples, our earlier results cannot be induced by public

and non-public firms being different on some unobserved dimension.

The key points are easier to see in a graph. Figure 2 therefore plots for each decile of the ACAR

distribution the coefficients for bidder and target size from the quantile regressions in Table 7. The

patterns are visually striking: across all panels, the bidder size coefficient is positive for the lower

ACAR quantiles (where ACAR is negative) and negative for higher ACAR quantiles (where ACAR

is positive). For target size we find exactly the opposite pattern.

8We do not run OLS regressions on subsamples by ACAR, as selection on the dependent variable will, in general,
produce biased OLS estimates of the coefficient of interest (e.g., Heckman (1979), Angrist and Pischke (2008)).
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Note that the signs on bidder and target size coefficients flip around the same percentile of the

ACAR distribution. This is informative, because we are not aware of any proxy explanation that

would suggest bidder and target size coefficients should flip, let alone flip at the same point. Scaling,

on the other hand, can explain why signs flip at the same time. Because the T/B term in equation

(2) is multiplied by profitability index R, bidder and target size coefficients always have opposite

signs, and they both change signs whenever R changes sign. This is a rather bold prediction that

exposes itself to be rejected in the data. But it is not rejected. Figure 2 shows that the prediction

is actually describing the data almost perfectly. We view the fact that bidder and target size effects

change signs at the same time as one of the strongest pieces of evidence in support of the scaling

explanation.

The location of the flipping point is informative. Taken literally, the scaling framework above

predicts that the sign-flip should occur at the percentile of the ACAR distribution at which ACAR

is zero. For the full sample, this point is at the 46th quantile. Figure 2, Panel (a), shows that the

location of the flip in the data is at the 34th quantile. This is lower than predicted, but, arguably,

nevertheless in the same ballpark. Given how simple and stylized the scaling model is, this level of

accuracy is notable. Perhaps even more importantly, the model makes a prediction on the location

of the flipping point for the public subsample relative to the non-public subsample: in the data,

ACAR changes sign at a lower percentile for non-public targets, which, in the scaling framework,

implies that the sign-flip in the non-public deal subsample should occur “earlier.” Panels (b) and

(c) show this implication is borne out by the data.

Finally, the scaling framework presented in the previous section predicts that results for relative

size should be qualitatively identical to results for target size: negative coefficient estimates for low

quantiles of ACAR (value destroying deals with negative R), and positive coefficients for high

quantiles. Figure A-1, which we relegate to the Internet Appendix A.1 for brevity, shows exactly

this pattern for the full sample as well as the subsamples of non-public and public targets.

5.2 Out-Of-Sample Evidence from European Takeovers

In this section, we analyze the relation between size and bidder announcement returns in Europe.

Table A-8, in the Internet Appendix A.2, provides the results when we repeat Table 4, Panel A

on the European sample. The results are easily described. For non-public European deals, the
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average bidder announcement return is 1.6%. The scaling framework thus predicts that we should

see a positive coefficient on target size and a negative coefficient on bidder size, consistent with the

results in Table A-8.

The public deal subsample, is particularly interesting, because, for European deals, the average

bidder announcement return in that group is 0.1%, and therefore of the opposite sign than ACARs

in the corresponding U.S. sample. Scaling makes two predictions. First, because the average ACAR

is positive, we should observe the same signs on bidder and target size as we do for the non-public

subsample. Second, because 0.1% is very close to zero, the coefficients on bidder and target size

should also be very small. In line with those predictions, we find a positive point estimate for

target size, a negative point estimate for bidder size, but both are small and not statistically

distinguishable from zero. Using quantile regressions, we also find within subsample reversals for

both subsamples in the European data (Figure A-2).

We draw two conclusions. First, the out-of-sample test in this section further supports the

scaling framework. Second, the tests in this subsection further support the view that proxy ex-

planations are unable to explain these difference because even if there was a proxy explanation

consistent with the sign-flips in the U.S. data (which we doubt), then that proxy explanation would

also need to be consistent with the different patterns of signs found in the European data.

6 Conclusion

In this paper, we document a strong reversal pattern in the US takeover data from 1981 to 2014:

for public target deals, low bidder returns are associated with small bidders and large targets, while

for non-public target deals it is the opposite. Using quantile regressions we show that sign flips

also show up within the public and non-public deals subsamples. We argue that these sign-flips

constitute a sharp test which rejects all leading explanations in the recent M&A literature for why

size matters for bidder announcement returns. Instead, we find that a simple scaling model in

which size magnifies a given per-dollar value gain (or loss) can parsimoniously explain the data.

We analytically demonstrate that scaling is one of two channels through which size variables can

affect bidder announcement returns; the other channel is that size matters because size affects the

profitability of a deal directly (size “proxies” for an underlying value driver). The results in our
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paper suggest that the latter channel, which is the dominant view in the recent literature, cannot

explain the reversal patterns, while the scaling channel, which is frequently neglected in the recent

literature, can.

Our findings have implications for how we think about value creation in takeovers. For example,

consider the stylized “fact” that small bidders make better acquisitions and the associated proxy

explanations based on overconfidence or agency problems. This proxy view would suggest that

it is important for corporate boards in large firms in particular, to devise procedures, rules, or

monitoring arrangements, which limit the decision-making power of their, supposedly overconfident

or entrenched, managers on M&A decisions. Moreover, investors should be especially critical of

mergers announced by large bidders, and scientists should study why being large implies worse

M&A decisions. By contrast, our findings suggest that such conclusions may be unwarranted.

While corporate boards are always well advised to think about ways to foster good managerial

decisions, the fact that smaller bidders make worse acquisitions when the target is a public company

speaks directly against the view that large companies always feature particularly bad M&A decision

making. For the same reason, investors may want to scrutinize deals by small bidders more when

the target is a public firm. An implication for research is that thinking about size variables as

proxies for some underlying value driver is not a good way to think about the role size plays for

takeover outcomes. Our results indicate that size is important as a scaling factor, but that the

core question about which deals create value, rather than destroy value, is one that size is largely

uninformative about. Interpreting size as size allows us make progress: we can appreciate the role

size plays in scaling dollar returns, and we can focus our energy on understanding better what

generates high per-dollar NPV deals.

Finally, our results demonstrate that controlling for target size is important for determining

the true incremental impact of bidder size on bidder returns, because bidder and target size are

strongly correlated. This stands in contrast to the fact that only 30% of 88 papers in the JF, the

JFE, the RFS, and MS (published between 2000 and 2017), which run bidder announcement return

regressions include a control for target size.
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Figure 1: Reversals: Average Bidder Returns Across Size Qunintiles

This figure presents reversal patterns in the data. All subfigures show the average acquirer cumulative

abnormal announcement return for five size groups. In subfigure (a), acquirer CARs for non-public target

deals are regressed on five bidder market capitalization quintile dummies and the demeaned logarithm of

target size, which we measure by deal value. The coefficients for each size quintile dummy (1=smallest and

5=largest) are plotted together with the 95% confidence interval. Subfigure (c) repeats the exercise for public

target deals. Subfigures (b) and (d) provide analogous results when we sort the data into target size groups

while controlling for bidder size. In Subfigure (c) we present results for two subsamples: (1) all public target

deals (navy) and (2) excluding the top relative size decile of public target deals (red).

Interpretation: This figure shows that bidder returns for non-public targets decrease (increase) in bidder

(target) size and that we observe the opposite pattern for public targets.
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(a) Bidder size effect for non-public targets
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Figure 2: Bidder and Target Size Effect for Different Quantiles of ACAR

This figure shows the bidder and target size coefficients from simultaneous-quantile regressions with

three-day abnormal bidder announcement returns as dependent variable. See Table 7 for more details. The

blue solid (red dashed) line represents bidder (target) size coefficient estimates. The shaded areas are the

respective 95% confidence intervals. Subfigure (a) reports results for for the full sample. Subfigure (b)

reports results for non-public targets. Subfigure (c) reports results for public targets.

Interpretation: This figure shows that the sign and size of the bidder and target size coefficients depends

on the sign and size of the bidder return.
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(a) Bidder and target size effect for all targets
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(b) Bidder and target size effect for non-public targets
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(c) Bidder and target size effect for public targets
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Table 2: Summary Statistics

Panel A displays descriptive statistics for the main variables used in our analysis. ACAR are abnormal bidder

announcement returns (in %) computed using the [−1,+1] event window and a market model estimated over

days [−280,−31]. Bidder MCAP is the bidder firm market capitalization at the last fiscal year end before

the takeover announcement in million US$. Dealvalue is the total value of the transaction as reported by

SDC in million US$. Relative size is the Dealvalue over bidder’s market capitalization at the last fiscal year

end before the takeover announcement. Bidder BM Ratio is the bidder firm book to market ratio at the last

fiscal year end before the takeover announcement. Bidder ROA is the bidder firm return on assets from the

last fiscal year before the takeover announcement. Public Target is a dummy variable indicating the target

is a public company. Cash (Stock) is a dummy variable indicating that a deal is financed with cash (stock)

only. Tender is a dummy variable indicating a tender offer. Hostile is a dummy variable indicating hostile

deals. Conglomerate is a dummy variable indicating that bidder and target are in a different 2-digit SIC

code industry. Competed is a dummy variable indicating deals with more than one bidder. New Economy

is a dummy variable indicating that the target is a new economy firm (SIC codes 3570 to 3579, 3661, 3674,

5045, 5961, or 7370 to 7379). log(Number of Deals) is the natural log of the number of sample transactions

in the target’s 2-digit SIC code industry in the year of the takeover announcement. R (in %) is ACAR

[−1,+1] times Bidder MCAP [−2] divided by Dealvalue. Panel B displays the size distribution of deals

across different subsamples.

Interpretation: This table shows summary statistics.

Panel A: Sample Means

Variable All Non-Public Public
All Cash Stock All Cash Stock All Cash Stock

ACAR 1.04 1.16 0.35 1.44 1.28 1.64 –1.39 0.40 –2.67
Bidder MCAP 2,760.8 3,797.6 3,489.3 1,810.2 2,356.9 1,719.3 8,445.8 12,364.6 7,622.8
Dealvalue 406.4 268.5 731.4 169.3 170.5 153.4 1,824.7 851.7 2,081.2
Relative Size 0.345 0.221 0.498 0.314 0.202 0.500 0.529 0.337 0.494
Bidder BM Ratio 0.614 0.613 0.486 0.617 0.618 0.475 0.593 0.587 0.513
Bidder ROA 0.092 0.122 0.042 0.089 0.119 0.027 0.106 0.138 0.076
Public Target 0.143 0.144 0.300
Cash 0.237 1.000 0.000 0.236 1.000 0.000 0.238 1.000 0.000
Stock 0.183 0.000 1.000 0.150 0.000 1.000 0.383 0.000 1.000
Tender 0.031 0.079 0.005 0.005 0.011 0.002 0.184 0.481 0.012
Hostile 0.002 0.004 0.001 0.000 0.000 0.000 0.011 0.025 0.003
Conglomerate 0.435 0.431 0.315 0.450 0.431 0.335 0.341 0.430 0.268
Competed 0.010 0.018 0.009 0.003 0.008 0.002 0.049 0.078 0.026
New Economy 0.154 0.174 0.233 0.154 0.167 0.252 0.157 0.214 0.186
log(Number of Deals) 4.222 4.188 4.710 4.225 4.222 4.741 4.207 3.987 4.638
R 4.65 6.55 –0.44 6.84 8.02 6.27 –8.27 –2.04 –15.91
N 26,890 6,363 4,923 23,038 5,447 3,447 3,852 916 1,476

Panel B: Size Distribution

Type of deal Number of
Deals

% of All Avg. Deal
Value

Total Deal
Value

% of All

All 26,890 100.0 406.4 10,928,096 100.0
Non-Public 23,038 85.7 169.3 3,900,333 35.7
Private 13,547 50.4 100.1 1,356,055 12.4
Subsidiary 8,107 30.1 253.0 2,051,071 18.8
Public 3,852 14.3 1,824.7 7,028,744 64.3
Public All Cash 916 3.4 851.7 780,157 7.1
Public All Stock 1,476 5.5 2,081.2 3,071,851 28.1
Public Mix 1460 5.4 2,175.8 3,176,668 29.1
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Table 3: Size Sorts for Non-Public Targets

This table displays average three-day abnormal bidder announcement returns across size quintiles for non-

public target deals. In Panel A (B) deals are sorted annually according to bidder market capitalization

(deal value). In Panel C (D) deals are first sorted annually into quintiles according to deal value (bidder

market capitalization). Then, within each deal value (bidder market capitalization) quintile, we sort deals

into quintiles of bidder market capitalization (deal value). Panel C (D) then presents for each bidder market

capitalization (deal value) quintile the average across all deal value (bidder market capitalization) quintiles.

The complete 5 × 5 matrix is reported in the Internet Appendix A.2, Table A-3. For each size quintile

the average ACAR (in %), bidder size (in million US$), target size (in million US$), and relative size are

reported. For each quintile, the T-statistic on whether ACAR is equal to zero and the number of observations

are also shown. The table also reports the difference between the lowest and the highest size quintile and

the associated T-statistic from the two-sample (equality of coefficients) T-test.

Interpretation: This table shows that bidder returns for non-public targets decrease (increase) in bidder

(target) size.

Panel A: Sort by Bidder Size

Quintile 1 2 3 4 5 5 – 1

ACAR 3.06 1.68 1.12 0.78 0.58 –2.48
N 4,632 4,609 4,599 4,610 4,588
T-stat 16.85 11.88 10.42 8.18 7.12 –12.44
Bidder Size 60.6 211.1 493.1 1,119.4 7,197.4
Target Size 31.3 54.5 97.0 155.3 510.6
Relative Size 0.819 0.292 0.217 0.145 0.094

Panel B: Sort by Target Size

Quintile 1 2 3 4 5 5 – 1

ACAR 1.24 1.09 1.26 1.60 2.02 0.78
N 4,664 4,625 4,568 4,600 4,581
T-stat 9.68 10.20 12.01 10.87 14.23 4.09
Bidder Size 189.1 456.4 841.1 1,690.6 5,913.9
Target Size 7.1 20.7 45.3 107.4 670.4
Relative Size 0.116 0.179 0.245 0.326 0.710

Panel C: Double-Sort – First by Target Size then by Bidder Size

Quintile 1 2 3 4 5 5 – 1

ACAR 3.85 1.66 0.95 0.45 0.25 –3.60
N 4,688 4,616 4,617 4,603 4,514
T-stat 19.07 14.30 9.77 5.11 3.06 –16.29
Bidder Size 147.5 410.3 822.5 1,720.2 6,070.6
Target Size 117.7 128.4 138.4 169.6 296.1
Relative Size 1.086 0.240 0.124 0.069 0.032

Panel D: Double-Sort – First by Bidder Size then by Target Size

Quintile 1 2 3 4 5 5 – 1

ACAR 0.53 0.92 1.08 1.44 3.30 2.76
N 4,713 4,598 4,607 4,602 4,518
T-stat 5.39 8.55 10.25 12.87 17.37 13.06
Bidder Size 937.5 1,207.6 1,454.8 1,947.3 3,556.7
Target Size 18.2 39.1 71.5 136.8 592.3
Relative Size 0.041 0.085 0.145 0.260 1.060
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Table 4: Size and Bidder Announcement Returns: Regression Results

This table presents results for OLS regressions of three-day abnormal bidder announcement returns on bidder

size, target size, and control variables for the full sample, only non-public targets, and only public targets.

All variables have previously been defined in Table 2. Bidder MCAP and Dealsize are in logs. In Panel

B, C, and D, the control variables from Panel A are included, but not shown. Panel B includes additional

bidder and target industry times year fixed effects. Panel C only includes public targets acquired using only

cash or only stock. Panel D uses log of relative size instead of bidder and target size. The T-statistics are

reported in small font size below the estimates. Standard errors are clustered by announcement month.

Interpretation: This table shows that bidder returns for non-public targets decrease (increase) in bidder

(target) size and that both signs flip for public targets.

Panel A: Baseline

Dep. var.: ACAR [−1,+1]

All Targets Non-Public Targets Public Targets

(1) (2) (3) (4) (5) (6)

Bidder MCAP –0.474 –0.950 –0.522 –1.201 –0.185 0.268

–11.75 –11.40 –11.49 –12.88 –2.34 2.27

Dealvalue 0.752 1.072 –0.747

7.70 9.73 –5.50

Public Target –2.411 –3.341

–10.98 –14.06

Bidder ROA 0.028 0.025 0.201 0.225 1.392 1.382

0.03 0.03 0.20 0.23 0.60 0.61

Bidder BM Ratio 0.400 0.175 0.458 0.133 0.422 0.621

2.18 0.95 2.40 0.70 0.96 1.39

Cash 0.191 0.341 –0.031 0.098 1.818 1.274

1.61 3.00 –0.25 0.82 5.93 4.03

Stock –0.009 –0.070 0.451 0.376 –0.854 –0.873

–0.04 –0.35 1.92 1.62 –2.99 –3.05

Tender 1.650 1.701 1.457 1.317 0.807 0.890

4.02 3.98 1.11 0.91 2.13 2.35

Hostile 0.424 –0.447 0.091 1.034

0.55 –0.56 0.11 1.26

Conglomerate –0.113 –0.044 –0.139 –0.061 –0.439 –0.564

–0.74 –0.28 –0.80 –0.35 –1.42 –1.85

Competed 0.755 0.427 4.249 4.020 –0.841 –0.468

0.73 0.39 1.79 1.49 –1.37 –0.79

New Economy –0.616 –0.556 –0.560 –0.482 –0.995 –1.048

–2.33 –2.09 –1.94 –1.67 –1.37 –1.45

log(Number of Deals) –0.360 –0.326 –0.233 –0.156 –0.948 –0.841

–2.74 –2.44 –1.65 –1.08 –2.86 –2.54

Adjusted R2 0.035 0.044 0.020 0.039 0.076 0.088

Number of observations 23,916 23,916 20,231 20,231 3,685 3,685

Industry and year FE Yes Yes Yes Yes Yes Yes
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Panel B: Fixed Effects

Dep. var.: ACAR [−1,+1]

All Targets Non-Public Targets Public Targets

(1) (2) (3) (4) (5) (6)

Bidder MCAP –0.937 –0.944 –1.223 –1.226 0.521 0.497

–10.03 –10.57 –11.50 –11.91 3.94 3.63

Dealvalue 0.737 0.780 1.100 1.133 –1.022 –0.982

7.06 6.94 9.03 8.79 –6.53 –5.82

Controls Yes Yes Yes Yes Yes Yes

Bidder Ind. x Year FE Yes No Yes No Yes No

Target Ind. x Year FE No Yes No Yes No Yes

Adjusted R2 0.034 0.033 0.026 0.025 0.140 0.100

Number of observations 23,916 23,921 20,231 20,236 3,685 3,685

Panel C: Public All Cash vs. All Stock

Dep. var.: ACAR [−1,+1]

Public All Cash Public All Stock

(1) (2) (3) (4)

Bidder MCAP –0.563 –0.612 0.217 1.041

–4.19 –2.76 1.52 5.58

Dealvalue 0.095 –1.267

0.34 –5.51

Controls Yes Yes Yes Yes

Industry and year FE Yes Yes Yes Yes

Adjusted R2 0.100 0.099 0.088 0.121

Number of observations 898 898 1,418 1,418

Panel D: Relative Size

Dep. var.: ACAR [−1,+1]

All Targets Non-Public Targets Public Targets

(1) (2) (3)

log(Relative Size) 0.861 1.142 –0.451

9.84 11.61 –3.84

Controls Yes Yes Yes

Industry and year FE Yes Yes Yes

Adjusted R2 0.043 0.038 0.081

Number of observations 23,916 20,231 3,685
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Table 5: Size Sorts for Public Targets

This table displays average three-day abnormal bidder announcement returns across size quintiles for public

target deals. In Panel A (B) deals are sorted annually according to bidder market capitalization (deal

value). In Panel C (D) deals are first sorted annually into quintiles according to deal value (bidder market

capitalization). Then, within each deal value (bidder market capitalization) quintile, we sort deals into

quintiles of bidder market capitalization (deal value). Panel C (D) then presents for each bidder market

capitalization (deal value) quintile the average across all deal value (bidder market capitalization) quintiles.

The complete 5 × 5 matrix is reported in the Internet Appendix A.2, Table A-3. For each size quintile

the average ACAR (in %), bidder size (in million US$), target size (in million US$), and relative size are

reported. For each quintile, the T-statistic on whether ACAR is equal to zero and the number of observations

are also shown. The table also reports the difference between the lowest and the highest size quintile and

the associated T-statistic from the two-sample (equality of coefficients) T-test.

Interpretation: This table shows that bidder returns for public targets increase (decrease) in bidder (target)

size once we control for target (bidder) size.

Panel A: Sort by Bidder Size

Quintile 1 2 3 4 5 5 - 1

ACAR –0.71 –1.44 –1.70 –1.39 –1.74 –1.03
N 785 770 768 779 750
T-stat –2.04 –5.03 –6.75 –6.32 –9.12 –2.58
Bidder Size 203.8 749.9 2,069.3 5,899.1 34,148.3
Target Size 169.3 423.5 934.2 1,686.8 6,050.9
Relative Size 0.725 0.414 0.290 0.201 0.148

Panel B: Sort by Target Size

Quintile 1 2 3 4 5 5 - 1

ACAR –0.37 –0.70 –1.42 –1.79 –2.72 –2.34
N 784 771 768 771 758
T-stat –1.57 –2.45 –5.30 –7.01 –9.87 –6.45
Bidder Size 883.0 2,424.3 5,083.0 9,926.0 24,294.4
Target Size 58.9 173.6 390.5 1,018.0 7,604.1
Relative Size 0.306 0.304 0.271 0.385 0.520

Panel C: Double-Sort – First by Target Size then by Bidder Size

Quintile 1 2 3 4 5 5 - 1

ACAR –1.56 –1.62 –1.76 –1.20 –0.73 0.83
N 842 769 784 768 689
T-stat –4.28 –5.73 –7.45 –6.23 –4.46 2.03
Bidder Size 762.5 1,757.4 3,871.3 9,013.2 29,873.1
Target Size 950.5 1,183.6 1,478.7 1,998.8 3,808.0
Relative Size 0.908 0.382 0.234 0.120 0.058

Panel D: Double-Sort – First by Bidder Size then by Target Size

Quintile 1 2 3 4 5 5 - 1

ACAR –0.37 –0.92 –1.21 –2.34 –2.30 –1.93
N 840 769 779 766 698
T-stat –2.21 –4.06 –5.10 –7.14 –6.52 –5.33
Bidder Size 5,097.5 6,790.4 9,562.0 8,784.5 12,681.6
Target Size 147.2 352.6 720.0 1,675.9 6,861.4
Relative Size 0.158 0.161 0.258 0.409 0.855
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Table 6: Size Quintiles and Profitability Index

This table presents results for OLS regressions of the profitability index (R in %) on bidder, target, and

relative size quintile dummies. The first quintile is always omitted. All regressions contain the same set of

control variables as is used in Table 4 but not are reported to conserve space. All variables have previously

been defined in Table 2. In Columns (1) to (4) the full sample, in Column (5) only non-public targets, and in

Column (6) only public targets are used. The T-statistics are reported in small font size below the estimates.

Interpretation: This table shows that the profitability index R is not significantly correlated with bidder,

target or relative size.

Dep. var.: Profitability Index (R in %)
All Targets Non-Public Public

(1) (2) (3) (4) (5) (6)

BidderSize2 1.555 2.134 2.643 –2.270
0.43 0.51 0.58 –0.47

BidderSize3 0.253 1.525 1.751 –1.906
0.07 0.31 0.33 –0.29

BidderSize4 2.004 4.320 4.721 1.125
0.47 0.72 0.71 0.14

BidderSize5 2.152 6.546 10.668 –6.705
0.50 1.00 1.38 –0.87

TargetSize2 0.801 –0.024 0.155 –21.138
0.15 0.00 0.03 –0.66

TargetSize3 –0.074 –1.676 –2.069 –23.109
–0.01 –0.28 –0.34 –0.74

TargetSize4 0.332 –2.214 –3.318 –22.759
0.07 –0.37 –0.53 –0.70

TargetSize5 –4.218 –8.103 –8.204 –27.381
–0.87 –1.17 –1.09 –0.83

RelativeSize2 2.141
0.35

RelativeSize3 3.847
0.67

RelativeSize4 3.066
0.53

RelativeSize5 2.199
0.37

Constant –0.025 0.878 –1.166 –0.143 –9.453 31.173
0.00 0.02 –0.03 0.00 –0.23 1.04

Controls Yes Yes Yes Yes Yes Yes
Industry and Year FE Yes Yes Yes Yes Yes Yes
Adjusted R2 –0.001 –0.001 –0.001 –0.001 –0.003 0.004
Number of observations 23,520 23,520 23,520 23,520 19,863 3,657
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Table 7: Size and Bidder Announcement Returns: Quantile Regression Results

This table presents results for simultaneous-quantile regressions of three-day abnormal bidder announcement

returns on bidder size, target size, and control variables. Bidder MCAP and Dealsize are in logs. Control

variables (not reported) are the same as in Table 4. All variables have previously been defined in Table 2.

Columns (3) and (4) present results for subsamples. The T-statistics are reported in small font size below

the estimates. Standard errors are obtained via bootstrapping (1000 replications).

Interpretation: This table shows that the sign and size of the bidder and target size coefficients depends

on the sign and size of the bidder return.

Dep. var.: ACAR [−1,+1]
All All Non-public Public
(1) (2) (3) (4)

10th Percentile ACAR –6.02 –6.02 –5.33 –8.98
Bidder MCAP 0.317 0.780 0.511 1.845

7.29 11.21 7.10 11.34

Dealvalue –0.643 –0.260 –2.141
–8.93 –3.35 –14.48

20th Percentile ACAR –3.19 –3.19 –2.77 –5.58
Bidder MCAP 0.122 0.315 0.086 1.315

4.48 6.47 1.99 11.51

Dealvalue –0.271 0.072 –1.725
–5.34 1.38 –14.01

30th Percentile ACAR –1.64 –1.64 –1.33 –3.62
Bidder MCAP 0.004 0.059 –0.118 0.995

0.18 1.73 –3.57 9.72

Dealvalue –0.080 0.186 –1.348
–2.13 4.88 –13.96

40th Percentile ACAR –0.59 –0.59 –0.36 –2.21
Bidder MCAP –0.107 –0.147 –0.293 0.620

–5.83 –5.45 –9.51 6.66

Dealvalue 0.060 0.271 –1.071
1.86 7.36 –10.46

50th Percentile ACAR 0.35 0.35 0.58 –1.05
Bidder MCAP –0.222 –0.369 –0.541 0.412

–10.02 –11.71 –13.19 5.10

Dealvalue 0.234 0.450 –0.857
6.76 10.05 –9.37

60th Percentile ACAR 1.41 1.41 1.67 0.04
Bidder MCAP –0.358 –0.683 –0.872 0.096

–15.19 –18.58 –21.87 1.30

Dealvalue 0.492 0.704 –0.465
12.37 15.89 –4.90

70th Percentile ACAR 2.71 2.71 3.00 1.13
Bidder MCAP –0.549 –1.078 –1.302 –0.232

–20.54 –25.18 –24.60 –2.45

Dealvalue 0.782 1.011 –0.085
17.36 16.81 –0.76

80th Percentile ACAR 4.70 4.70 5.11 2.62
Bidder MCAP –0.881 –1.676 –1.962 –0.691

–23.07 –30.61 –30.90 –6.39

Dealvalue 1.256 1.499 0.390
22.62 21.50 3.14

90th Percentile ACAR 8.94 8.94 9.44 5.44
Bidder MCAP –1.411 –2.699 –3.047 –1.563

–24.34 –36.22 –34.93 –10.03

Dealvalue 1.999 2.265 1.153
27.54 24.19 6.25

Number of observations 23,921 23,921 20,236 3,685
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Internet Appendix for

“Bidder and Target Size Effects in M&A Are Not Driven by

Overconfidence or Agency Problems”

CHRISTOPH SCHNEIDER and OLIVER SPALT��

This appendix presents additional results to accompany the paper “Bidder and Target Size Effects
in M&A Do Not Reflect Overconfidence or Agency Problems” The contents are:

Section A.1 presents additional figures mentioned in the paper.

Section A.2 presents additional tables mentioned in the paper.

Section A.3 presents additional information on our M&A literature survey mentioned in the paper.

��Citation format: Schneider, Christoph, and Oliver Spalt, 2021, Internet Appendix to “Bidder and Target Size
Effects in M&A Are Not Driven by Overconfidence or Agency Problems”
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A.1 Additional Figures

Figure A-1: Relative Size Effect for Different Quantiles of ACAR

This figure shows the relative size coefficient (= Dealvalue / Bidder MCAP) from simultaneous-quantile

regressions with three-day abnormal bidder announcement returns as dependent variable. The same set

of control variables as in Table 4 is used but the bidder and target size variables are omitted. Because of

some extreme outliers relative size is winsorized at the 1st and 99th percentile. The shaded area are the

95% confidence intervals. The black solid line represents the OLS coefficient estimate and the dashed lines

its 95% confidence interval. Subfigure (a) reports results for the full sample, subfigure (b) for non-public

targets, and subfigure (c) for public targets.
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Figure A-2: Bidder and Target Size Effect for Different Quantiles of ACAR with
European Data

This figure shows the bidder and target size coefficients from simultaneous-quantile regressions with

three-day abnormal bidder announcement returns as dependent variable for a European takeover sample.

See Table A-8 for more details on the sample. The blue solid (red dashed) line represents bidder (target)

size coefficient estimates. The shaded areas are the respective 95% confidence intervals. Subfigure (a)

reports results for for the full sample. Subfigure (b) reports results for non-public targets. Subfigure (c)

reports results for public targets.
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A.2 Additional Tables

Table A-1: Sample Distribution

This table displays for three samples (all targets, only non-public targets, and only public targets) the annual

number of deals and the annual average bidder announcement returns computed using the [−1,+1] event

window and a market model estimated over days [−280,−31].

Year All Targets Non-Public Targets Public Targets

ACAR N ACAR N ACAR N

1981 –0.17 335 0.21 245 –1.18 90

1982 0.12 381 0.33 318 –0.93 63

1983 0.53 542 0.74 471 –0.86 71

1984 0.86 604 0.91 506 0.60 98

1985 –0.23 281 0.46 190 –1.66 91

1986 0.84 412 1.15 327 –0.33 85

1987 1.33 344 1.87 268 –0.58 76

1988 0.29 363 0.41 291 –0.19 72

1989 0.61 450 0.76 391 –0.36 59

1990 0.63 383 0.86 345 –1.50 38

1991 1.29 440 1.63 385 –1.07 55

1992 2.05 661 2.42 599 –1.56 62

1993 2.44 961 2.84 861 –1.09 100

1994 1.39 1,185 1.76 1,026 –0.99 159

1995 1.33 1,258 1.79 1,050 –0.97 208

1996 1.84 1,520 2.23 1,298 –0.40 222

1997 1.21 2,066 1.52 1,778 –0.76 288

1998 0.88 2,059 1.46 1,769 –2.64 290

1999 0.94 1,470 1.67 1,200 –2.30 270

2000 0.61 1,132 1.59 923 –3.75 209

2001 0.16 802 1.09 646 –3.69 156

2002 1.17 770 1.50 689 –1.56 81

2003 0.42 806 1.03 683 –2.94 123

2004 0.77 894 1.25 761 –1.96 133

2005 0.74 978 1.09 867 –2.05 111

2006 0.61 977 0.90 856 –1.42 121

2007 1.08 866 1.41 746 –0.98 120

2008 0.53 516 0.83 464 –2.19 52

2009 1.41 388 1.78 329 –0.61 59

2010 0.89 543 1.03 482 –0.25 61

2011 0.54 555 0.68 511 –1.04 44

2012 1.14 655 1.15 588 1.02 67

2013 1.65 611 1.66 546 1.56 65

2014 1.90 682 1.89 629 2.02 53

1981-2014 1.04 26,890 1.44 23,038 –1.39 3,852
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Table A-2: Summary Statistics

This table displays additional descriptive statistics for the main variables used in our analysis in the full

sample (Panel A), the sample of non-public target deals (Panel B), and the sample of public target deals

(Panel C). All variables have previously been defined in Table 2.

Panel A: Sample Statistics – All

Variable Mean Median Std Min P25 P75 Max N

ACAR 1.04 0.30 8.53 –73.96 –2.23 3.34 365.31 26,890
Bidder MCAP 2,760.8 512.9 11,866.1 0.8 155.8 1,631.2 446,490.4 26,890
Dealvalue 406.4 51.9 2,948.9 1.0 17.3 182.7 226,489.6 26,890
Relative Size 0.345 0.105 2.660 0.010 0.041 0.282 380.278 26,890
Bidder BM Ratio 0.614 0.516 0.499 0.000 0.317 0.777 11.749 26,186
Bidder ROA 0.092 0.108 0.166 –3.506 0.031 0.168 1.776 24,439
Public Target 0.143 0.000 0.350 0.000 0.000 0.000 1.000 26,890
Cash 0.237 0.000 0.425 0.000 0.000 0.000 1.000 26,890
Stock 0.183 0.000 0.387 0.000 0.000 0.000 1.000 26,890
Tender 0.031 0.000 0.173 0.000 0.000 0.000 1.000 26,890
Hostile 0.002 0.000 0.041 0.000 0.000 0.000 1.000 26,890
Conglomerate 0.435 0.000 0.496 0.000 0.000 1.000 1.000 26,890
Competed 0.010 0.000 0.099 0.000 0.000 0.000 1.000 26,890
New Economy 0.154 0.000 0.361 0.000 0.000 0.000 1.000 26,868
log(Number of Deals) 4.222 4.369 1.262 0.000 3.466 5.124 6.568 26,890
R 4.65 1.70 189.84 –5,333.18 –21.24 31.09 5,588.52 26,319

Panel B: Sample Statistics – Non-Public

Variable Mean Median Std Min P25 P75 Max N

ACAR 1.44 0.48 8.64 –73.96 –1.88 3.62 365.31 23,038
Bidder MCAP 1,810.2 436.8 7,253.9 0.8 135.7 1,295.3 313,042.3 23,038
Dealvalue 169.3 40.0 922.9 1.0 14.6 123.6 96,300.0 23,038
Relative Size 0.314 0.093 2.847 0.010 0.038 0.237 380.278 23,038
Bidder BM Ratio 0.617 0.516 0.510 0.000 0.320 0.779 11.749 22,388
Bidder ROA 0.089 0.108 0.172 –3.506 0.031 0.167 1.776 20,717
Cash 0.236 0.000 0.425 0.000 0.000 0.000 1.000 23,038
Stock 0.150 0.000 0.357 0.000 0.000 0.000 1.000 23,038
Tender 0.005 0.000 0.072 0.000 0.000 0.000 1.000 23,038
Hostile 0.000 0.000 0.000 0.000 0.000 0.000 0.000 23,038
Conglomerate 0.450 0.000 0.498 0.000 0.000 1.000 1.000 23,038
Competed 0.003 0.000 0.057 0.000 0.000 0.000 1.000 23,038
New Economy 0.154 0.000 0.361 0.000 0.000 0.000 1.000 23,018
log(Number of Deals) 4.225 4.369 1.265 0.000 3.466 5.124 6.568 23,038
R 6.84 3.33 202.20 –5,333.18 –21.44 36.54 5,588.52 22,500
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Panel C: Sample Statistics – Public

Variable Mean Median Std Min P25 P75 Max N

ACAR –1.39 –1.05 7.39 –49.92 –4.51 1.79 104.02 3,852
Bidder MCAP 8,445.8 1,751.8 25,112.7 6.0 467.0 5,696.1 446,490.4 3,852
Target MCAP 1,223.0 210.2 5,170.9 2.8 74.5 699.2 117,241.0 3,718
Dealvalue 1,824.7 327.8 7,299.1 3.0 118.3 1,106.8 226,489.6 3,852
Relative Size 0.529 0.251 0.937 0.010 0.084 0.640 22.660 3,852
Bidder BM Ratio 0.593 0.509 0.428 0.000 0.310 0.767 5.916 3,798
Bidder ROA 0.106 0.108 0.128 –2.918 0.030 0.172 0.763 3,722
Cash 0.238 0.000 0.426 0.000 0.000 0.000 1.000 3,852
Stock 0.383 0.000 0.486 0.000 0.000 1.000 1.000 3,852
Tender 0.184 0.000 0.387 0.000 0.000 0.000 1.000 3,852
Hostile 0.011 0.000 0.105 0.000 0.000 0.000 1.000 3,852
Conglomerate 0.341 0.000 0.474 0.000 0.000 1.000 1.000 3,852
Competed 0.049 0.000 0.216 0.000 0.000 0.000 1.000 3,852
New Economy 0.157 0.000 0.364 0.000 0.000 0.000 1.000 3,850
log(Number of Deals) 4.207 4.369 1.242 0.000 3.434 5.075 6.568 3,852
R –8.27 –3.96 85.48 –1,247.66 –20.74 8.45 867.35 3,819
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Table A-3: Double-Sorts for Non-Public and Public Targets

This table displays average three-day abnormal bidder announcement returns across size quintiles for non-

public (Panel A and B) and public (Panel C and D) target deals. In Panel A and C (B and D) deals are

first sorted annually into quintiles according to deal value (bidder market capitalization). Then, within each

deal value (bidder market capitalization) quintile, we sort deals into quintiles of bidder market capitalization

(deal value). For each size quintile portfolio the average ACAR (in %) and the number of observations (in

smaller font size) is reported. The second to last line in each panel reports the observation weighted average

ACAR (in %) across all quintiles in a column. The last line reports the total number of observations in each

column.

Panel A: Double-Sort Non-Public Targets – First by Target Size then by Bidder Size

Bidder Size Quintile
Target Size Quintile 1 2 3 4 5 5–1

1 3.36 1.46 0.91 0.35 0.05 –3.31
953 936 936 922 917

2 3.04 1.22 0.54 0.15 0.47 –2.57
940 928 927 918 912

3 3.15 1.62 0.99 0.40 0.09 –3.07
928 916 912 921 891

4 4.32 1.88 0.69 0.60 0.46 –3.86
937 919 924 921 899

5 5.37 2.11 1.61 0.77 0.18 –5.19
930 917 918 921 895

Weighted average 3.85 1.66 0.95 0.45 0.25 –3.60
4,688 4,616 4,617 4,603 4,514

Panel B: Double-Sort Non-Public Targets – First by Bidder Size then by Target Size

Target Size Quintile
Bidder Size Quintile 1 2 3 4 5 5–1

1 1.61 2.51 2.68 2.69 5.87 4.26
947 925 929 920 911

2 0.22 1.04 0.90 1.71 4.63 4.42
940 925 918 924 902

3 0.25 0.30 0.99 1.36 2.73 2.48
949 909 927 915 899

4 0.14 0.33 0.64 0.74 2.06 1.92
938 923 919 927 903

5 0.44 0.42 0.17 0.68 1.18 0.73
939 916 914 916 903

Weighted average 0.53 0.92 1.08 1.44 3.30 2.76
4,713 4,598 4,607 4,602 4,518
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Panel C: Double-Sort Public Targets – First by Target Size then by Bidder Size

Bidder Size Quintile
Target Size Quintile 1 2 3 4 5 5–1

1 0.14 –0.60 –0.56 –0.47 –0.43 –0.57
171 156 158 157 142

2 –0.30 –1.19 –1.60 –0.27 –0.07 0.23
168 154 159 151 139

3 –2.26 –0.97 –1.36 –1.24 –1.17 1.10
168 152 159 151 138

4 –1.91 –2.99 –2.31 –1.16 –0.37 1.54
168 156 156 156 135

5 –3.49 –2.35 –3.03 –2.87 –1.64 1.85
167 151 152 153 135

Weighted average –1.56 –1.62 –1.76 –1.20 –0.73 0.83
842 769 784 768 689

Panel D: Double-Sort Public Targets – First by Bidder Size then by Target Size

Target Size Quintile
Bidder Size Quintile 1 2 3 4 5 5–1

1 0.11 –0.38 –1.04 –1.67 –0.63 –0.75
170 157 158 157 143

2 –0.67 –1.55 –1.13 –1.58 –2.44 –1.77
168 153 158 152 139

3 –0.45 –0.76 –1.53 –3.17 –2.84 –2.39
168 152 157 152 139

4 –0.05 –1.23 –0.80 –2.37 –2.73 –2.69
169 157 156 156 141

5 –0.83 –0.67 –1.56 –2.95 –2.91 –2.08
165 150 150 149 136

Weighted average –0.37 –0.92 –1.21 –2.34 –2.30 –1.93
840 769 779 766 698

39



Table A-4: Size and Bidder Announcement Returns: Regression Results for Serial
Acquirers

This table presents results for OLS regressions of three-day abnormal bidder announcement returns on bidder

size, target size, and control variables for the full sample, only non-public targets, and only public targets of

serial acquirers (defined as in Fuller, Netter, and Stegemoeller (2002), at least five acquisitions within any

three year period). All variables have previously been defined in Table 2. Bidder MCAP and Dealsize are

in logs. The T-statistics are reported in small font size below the estimates. Standard errors are clustered

by announcement month.

Dep. var.: ACAR [−1,+1]

All Targets Non-Public Targets Public Targets

(1) (2) (3) (4) (5) (6)

Bidder MCAP –0.264 –0.485 –0.353 –0.872 0.243 1.061

–2.99 –3.54 –3.59 –5.87 1.18 4.86

Dealvalue 0.339 0.779 –1.481

2.70 5.98 –5.78

Public Target –2.753 –3.167

–8.36 –9.98

Bidder ROA –1.597 –1.476 –1.032 –0.744 –3.053 –3.407

–0.35 –0.32 –0.21 –0.15 –0.45 –0.52

Bidder BM Ratio 0.024 –0.062 –0.168 –0.367 2.084 2.461

0.07 –0.18 –0.41 –0.93 1.67 2.08

Cash –0.091 –0.027 –0.257 –0.166 1.049 –0.170

–0.37 –0.12 –0.95 –0.64 1.38 –0.23

Stock –0.324 –0.377 0.018 –0.090 –0.802 –0.806

–1.07 –1.24 0.05 –0.25 –1.14 –1.18

Tender 1.617 1.680 3.168 3.061 –0.169 –0.119

2.07 2.13 1.74 1.64 –0.21 –0.15

Hostile 1.144 0.793 3.738 4.161

0.33 0.22 1.01 1.23

Conglomerate 0.255 0.274 0.295 0.324 –0.150 –0.578

0.94 1.01 0.97 1.07 –0.20 –0.79

Competed 4.081 4.009 8.137 8.600 1.083 1.769

2.73 2.61 3.93 3.91 0.69 1.21

New Economy –0.250 –0.244 –0.332 –0.317 0.778 0.877

–0.45 –0.44 –0.56 –0.53 0.41 0.48

log(Number of Deals) –0.012 0.012 0.063 0.139 0.234 0.333

–0.07 0.07 0.36 0.77 0.52 0.77

Adjusted R2 0.053 0.055 0.040 0.051 0.075 0.135

Number of observations 5,715 5,715 4,827 4,827 888 888

Industry and year FE Yes Yes Yes Yes Yes Yes

Mean dep. var.: 0.774 0.774 1.263 1.263 –1.883 –1.883
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Table A-5: Size and Bidder Announcement Returns: Regression Results with CEO
Overconfidence Proxy

This table presents results for OLS regressions of three-day abnormal bidder announcement returns on

bidder size, target size, CEO overconfidence, and control variables for the full sample, only non-public

targets, and only public targets. Longholder Thomson is the variable Longholder Thomson fill from

Malmendier, Ulrike, and Geoffrey Tate. 2015. “Behavioral CEOs: The Role of Managerial Over-

confidence.” Journal of Economic Perspectives, 29 (4): 37-60. We merged the data available at

https://www.aeaweb.org/articles?id=10.1257/jep.29.4.37 with our data set for the overlapping sample pe-

riod from 1997 to 2012. We replaced all missing values of Longholder Thomson with zero to prevent a large

change in the number of observations in our regressions. We defined Longholder Missing to equal one if

Longholder Thomson fill was missing and zero otherwise. All other variables have previously been defined

in Table 2. Bidder MCAP and Dealsize are in logs. The T-statistics are reported in small font size below

the estimates. Standard errors are clustered by announcement month.

Dep. var.: ACAR [−1,+1]

All Targets Non-Public Targets Public Targets

(1) (2) (3) (4) (5) (6)

Bidder MCAP –0.387 –0.897 –0.470 –1.227 –0.065 0.533

–5.74 –6.30 –6.17 –7.59 –0.51 3.05

Dealvalue 0.790 1.162 –0.953

4.96 6.43 –4.62

Longholder Thomson 0.371 0.377 0.290 0.275 0.213 0.208

1.93 1.96 1.39 1.30 0.45 0.44

Longholder Missing 0.206 0.273 0.082 0.152 0.283 0.309

0.93 1.25 0.37 0.68 0.45 0.50

Public Target –2.970 –3.976

–11.15 –12.77

Bidder ROA 0.209 0.172 0.203 0.190 6.551 6.605

0.15 0.13 0.14 0.13 2.30 2.37

Bidder BM Ratio 0.600 0.365 0.600 0.243 0.807 1.034

1.88 1.12 1.79 0.70 1.15 1.45

Cash 0.139 0.312 –0.100 0.069 2.559 1.810

0.90 2.11 –0.61 0.44 6.46 4.11

Stock –0.166 –0.286 0.526 0.348 –0.652 –0.705

–0.54 –0.93 1.38 0.92 –1.67 –1.78

Tender 1.826 1.964 –2.466 –2.729 1.330 1.193

4.28 4.51 –1.50 –1.55 2.47 2.21

Hostile –1.053 –1.990 –1.776 –0.711

–0.58 –1.03 –0.87 –0.37

Conglomerate 0.062 0.125 0.033 0.109 –0.076 –0.242

0.27 0.53 0.13 0.41 –0.16 –0.53

Competed –0.141 –0.615 1.253 0.458 –0.922 –0.465

–0.18 –0.76 1.06 0.38 –0.92 –0.48

New Economy –0.641 –0.571 –0.571 –0.471 –1.021 –1.072

–1.87 –1.63 –1.51 –1.22 –0.96 –1.03

log(Number of Deals) –0.451 –0.440 –0.318 –0.264 –1.300 –1.098

–1.68 –1.64 –1.09 –0.90 –1.78 –1.50

Adjusted R2 0.026 0.035 0.007 0.026 0.090 0.106

Number of observations 13,573 13,573 11,485 11,485 2,088 2,088

Industry and year FE Yes Yes Yes Yes Yes Yes
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Table A-6: Size and Bidder Announcement Returns: Regression Results with Time
to Completion

This table presents results for OLS regressions of three-day abnormal bidder announcement returns on bidder

size, target size, time to completion, and control variables for the full sample, only non-public targets, and

only public targets. Time to completion is defined as the number of days between deal announcement and

completion (according to SDC). All other variables have previously been defined in Table 2. Bidder MCAP

and Dealsize are in logs. The T-statistics are reported in small font size below the estimates. Standard

errors are clustered by announcement month.

Dep. var.: ACAR [−1,+1]

All Targets Non-Public Targets Public Targets

(1) (2) (3) (4) (5) (6)

Bidder MCAP –0.485 –0.939 –0.539 –1.194 –0.161 0.318

–11.86 –11.30 –11.73 –12.86 –2.00 2.63

Dealvalue 0.726 1.047 –0.790

7.45 9.54 –5.66

Public Target –2.636 –3.438

–11.63 –14.08

Time to Completion 0.004 0.002 0.004 0.002 0.003 0.004

5.75 3.90 5.67 3.21 1.99 2.71

Bidder ROA 0.107 0.065 0.305 0.265 1.425 1.416

0.12 0.07 0.31 0.27 0.61 0.62

Bidder BM Ratio 0.384 0.180 0.436 0.136 0.458 0.643

2.08 0.97 2.28 0.71 1.01 1.40

Cash 0.198 0.339 –0.035 0.094 1.889 1.340

1.67 2.98 –0.28 0.78 6.05 4.20

Stock –0.076 –0.103 0.363 0.343 –0.845 –0.862

–0.38 –0.52 1.55 1.48 –2.95 –3.01

Tender 1.760 1.782 1.440 1.415 0.893 1.021

4.26 4.13 1.05 0.94 2.24 2.55

Hostile 0.282 –0.565 0.006 0.959

0.38 –0.73 0.01 1.15

Conglomerate –0.086 –0.030 –0.110 –0.050 –0.388 –0.523

–0.56 –0.19 –0.63 –0.28 –1.24 –1.69

Competed 0.580 0.343 3.925 3.856 –0.949 –0.589

0.57 0.31 1.65 1.45 –1.54 –0.99

New Economy –0.608 –0.550 –0.550 –0.475 –0.989 –1.041

–2.29 –2.06 –1.90 –1.64 –1.35 –1.43

log(Number of Deals) –0.361 –0.322 –0.218 –0.136 –1.056 –0.958

–2.71 –2.39 –1.53 –0.94 –3.13 –2.84

Adjusted R2 0.036 0.044 0.022 0.039 0.078 0.091

Number of observations 23,758 23,758 20,141 20,141 3,617 3,617

Industry and year FE Yes Yes Yes Yes Yes Yes
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Table A-7: Size and Bidder Announcement Returns: Regression Results with Analyst
Coverage

This table reruns the regression from Table 4, Panel A, specifications (4) and (6), with controls for analyst

coverage. #Analysts (Bidder) (#Analysts (Target)) is the number of analyst firms following the bidder

(target) company in the year before the takeover announcement (according to I/B/E/S). All other variables

have previously been defined in Table 2. Bidder MCAP and Dealsize are in logs. The T-statistics are

reported in small font size below the estimates. Standard errors are clustered by announcement month.

Dep. var.: ACAR [−1,+1]

#Analysts log(#Analysts) #Analysts

missings set to zero

Non-Public Public Non-Public Public Non-Public Public

(1) (2) (3) (4) (5) (6)

Bidder MCAP –0.903 0.939 –0.932 1.009 –1.213 0.246

–8.02 3.84 –8.42 3.93 –12.82 2.00

Dealvalue 0.773 –1.185 0.771 –1.248 1.079 –0.670

7.31 –4.19 7.29 –4.49 9.74 –4.94

#Analysts (Bidder) 0.005 –0.013 0.115 –0.322 0.010 0.015

0.31 –0.42 1.10 –0.79 0.92 0.87

#Analysts (Target) 0.025 0.308 –1.180 –0.046

0.49 0.92 –2.89 –1.37

Bidder ROA –0.510 5.027 –0.518 5.030 0.224 1.365

–0.47 1.14 –0.48 1.14 0.23 0.60

Bidder BM Ratio 0.002 1.695 –0.001 1.757 0.132 0.616

0.01 2.90 0.00 3.02 0.69 1.38

Cash –0.072 0.698 –0.073 0.699 0.093 1.285

–0.39 1.09 –0.40 1.10 0.78 4.07

Stock –0.146 –0.906 –0.147 –0.922 0.391 –0.860

–0.55 –1.60 –0.55 –1.63 1.68 –3.02

Tender 3.761 1.662 3.746 1.632 1.467 0.863

1.95 2.36 1.95 2.32 1.02 2.26

Hostile 2.000 2.026 1.057

1.57 1.61 1.28

Conglomerate –0.316 –0.721 –0.316 –0.750 –0.065 –0.566

–1.56 –1.22 –1.56 –1.27 –0.37 –1.86

Competed 4.685 –0.733 4.692 –0.703 3.947 –0.492

2.55 –0.83 2.56 –0.81 1.48 –0.83

New Economy –0.383 –1.621 –0.395 –1.633 –0.494 –1.032

–0.87 –1.28 –0.90 –1.29 –1.70 –1.43

log(Number of Deals) –0.263 –0.510 –0.264 –0.486 –0.151 –0.862

–0.95 –0.82 –0.95 –0.78 –1.04 –2.59

Adjusted R2 0.028 0.119 0.028 0.120 0.039 0.088

Number of observations 8,752 1,219 8,752 1,219 20,231 3,685

Industry and year FE Yes Yes Yes Yes Yes Yes

Mean dep. var.: 1.317 –2.438 1.317 –2.438 1.535 –1.395
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Table A-8: Size and Bidder Announcement Returns: Regression Results with Euro-
pean Data

This table presents results for OLS regressions of three-day abnormal bidder announcement returns on bidder

size, target size, and control variables for the full sample, only non-public targets, and only public targets

of European M&A transactions. The initial sample consists of all mergers and acquisitions in the Thomson

Reuters SDC database, performed by bidder firms from current EU countries as well as Iceland, Lichtenstein,

Norway, and Switzerland announced between January 1, 1980 and December 31, 2017. We use the exact same

sample selection criteria as for our main US sample. All deals where the target firm is domiciled outside the

aforementioned countries are excluded. Stock market and accounting data is obtained from Datastream. All

variables have previously been defined in Table 2. Bidder MCAP and Dealsize are in logs. The T-statistics

are reported in small font size below the estimates. Standard errors are clustered by announcement month.

Dep. var.: ACAR [−1,+1]

All Targets Non-Public Targets Public Targets

(1) (2) (3) (4) (5) (6)

Bidder MCAP –0.527 –1.032 –0.565 –1.120 –0.198 –0.224

–8.13 –9.66 –7.94 –9.58 –1.46 –1.14

Dealvalue 0.784 0.879 0.035

8.30 8.63 0.16

Public Target –1.392 –2.144

–3.35 –4.67

Bidder ROA –0.036 –0.044 –0.037 –0.045 –1.640 –1.626

–3.68 –4.85 –4.05 –5.24 –1.36 –1.36

Bidder BM Ratio 0.123 0.062 –0.225 –0.280 1.144 1.140

0.57 0.28 –1.00 –1.19 1.92 1.90

Cash 0.203 0.361 0.092 0.245 1.042 1.056

1.50 2.69 0.67 1.82 2.17 2.19

Stock 1.372 0.979 1.810 1.381 0.961 0.944

3.30 2.44 3.13 2.47 1.59 1.56

Tender 0.056 –0.132 1.484 0.999 –0.778 –0.783

0.13 –0.30 1.28 0.88 –1.56 –1.57

Hostile –0.459 –1.164 –0.656 –0.685

–0.48 –1.15 –0.59 –0.61

Conglomerate 0.009 0.058 0.002 0.064 0.169 0.172

0.05 0.36 0.01 0.38 0.33 0.33

Competed 0.311 –0.044 0.495 0.114 –0.176 –0.190

0.56 –0.08 0.58 0.13 –0.22 –0.24

New Economy –0.625 –0.668 –0.582 –0.643 –1.198 –1.194

–1.69 –1.80 –1.56 –1.72 –0.98 –0.98

log(Number of Deals) –0.138 –0.094 –0.131 –0.072 –0.223 –0.223

–1.07 –0.74 –1.00 –0.56 –0.58 –0.58

Adjusted R2 0.042 0.060 0.042 0.064 0.042 0.041

Number of observations 9,518 9,518 8,511 8,511 1,007 1,007

Industry and year FE Yes Yes Yes Yes Yes Yes

Mean dep. var.: 1.397 1.397 1.552 1.552 0.083 0.083
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A.3 M&A Literature Survey

We identify relevant M&A papers by scanning title, abstract, and key words for the following words:

merger, M&A, target, acquirer, acquiror, acquisition, takeover, and tender. We only include papers

whose central focus is on M&A transactions. Table A-9 summarizes the papers we include in our

survey (we provide the full list of papers in Table A-11). Out of 238 papers in total, 84% are mainly

empirical. 51% of these empirical papers (102 papers) feature an analysis of bidder announcement

returns, and 44% (88 papers) present a regression with short-term bidder announcement returns as

a dependent variable. The latter regression, which is about understanding bidder announcement

returns, is the focus of our article. The table shows that 94% of papers include at least one size

measure as an explanatory variable in this regression.

Based on this sample of papers we conclude that viewing size as a proxy variable for some

underlying value driver is pervasive in the literature. By contrast, we have not found a single

paper among the papers we survey which would interpret size as a scaling variable but not a proxy

variable. For example, a keyword search for “scaling,” followed by manual search among the flagged

papers does not reveal any relevant hits. It is of course possible that such a paper exists in our

sample and we overlooked it. However, even if there was a paper like that in the sample, the

conclusion we draw from our literature review is clear: interpreting size as proxy is by far the

predominant approach in the recent M&A literature. We present specific examples in Table A-10.
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Table A-9: Scan of the M&A Literature

This table summarizes our scan of all M&A papers published from 2000 to 2017 in the Journal of Finance (53

papers), the Journal of Financial Economics (118), Management Science (25), and the Review of Financial

Studies (42). We identify M&A papers by scanning title and abstract for the following words: merger,

M&A, target, acquirer, acquiror, acquisition, takeover, and tender. We only include papers that contain

some analysis relating to M&A transactions.

#papers % of A % of B % of C

All M&A papers [A] 238 100%
Mostly theory paper 32 13%
Organizations and business strategy paper 7 3%
Mostly empirical paper [B] 199 84% 100%
... with any return regression 125 53% 63%
... with ACAR regression (all windows) 102 43% 51%
... with ACAR regression (only short windows) [C] 88 37% 44% 100%

Size controls:

Bidder size 64 73%
Target size 26 30%
Relative size 62 70%
Only bidder size 9 10%
Only target size 4 5%
Only relative size 8 9%
Bidder and target size 8 9%
Bidder and relative size 40 45%
Target and relative size 7 8%
Bidder, target, and relative size 7 8%
No size controls 5 6%
Additional interactions with size variables 12 14%

Sample:

Only US acquirer and targets 75 85%
Only private targets 1 1%
Only public targets 36 41%
Public and private targets 51 58%

Sample statistics: Mean Median Min Max

Number of observations 7,759 2,612 64 311,894
Sample start year 1988 1990 1957 2002
Sample end year 2005 2005 1994 2014
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Cornelius Schmidt, Rüdiger Fahlenbrach Do exogenous changes in passive institutional
ownership affect corporate governance and
firm value?

JFE 2017

Doron Levit Advising shareholders in takeovers JFE 2017
Laura Casares Field, Anahit Mkrtchyan The effect of director experience on acquisition

performance
JFE 2017

Matthew D. Cain, Stephen B. McKeon, Steven
Davidoff Solomon

Do takeover laws matter? Evidence from five
decades of hostile takeovers

JFE 2017

Nicole M. Boyson, Nickolay Gantchev, Anil
Shivdasani

Activism mergers JFE 2017

Oliver Levine Acquiring growth JFE 2017
Olivier Dessaint, Andrey Golubov, Paolo
Volpin

Employment protection and takeovers JFE 2017

Theodosios Dimopoulos, Stefano Sacchetto Merger activity in industry equilibrium JFE 2017
Diwakar Gupta, Yigal Gerchak Quantifying Operational Synergies in a

Merger/Acquisition
MS 2002

Richard M. Cyert, Sok-Hyon Kang, Praveen
Kumar

Corporate Governance, Takeovers, and Top-
Management Compensation: Theory and Ev-
idence

MS 2002

Roberto A. Weber, Colin F. Camerer Cultural Conflict and Merger Failure: An Ex-
perimental Approach

MS 2003

Claude Montmarquette, Jean-Louis Rullière,
Marie-Claire Villeval, Romain Zeiliger

Redesigning Teams and Incentives in a
Merger: An Experiment with Managers and
Students

MS 2004

Matthew T. Billett, Yiming Qian Are Overconfident CEOs Born or Made? Ev-
idence of Self-Attribution Bias from Frequent
Acquirers

MS 2008

Samina Karim Business Unit Reorganization and Innovation
in New Product Markets

MS 2009

Xinlei Zhao Technological Innovation and Acquisitions MS 2009
Eric Van den Steen Culture Clash: The Costs and Benefits of Ho-

mogeneity
MS 2010

Maurice Levi, Kai Li, Feng Zhang Deal or No Deal: Hormones and the Mergers
and Acquisitions Game

MS 2010

53



Authors Title Journal Year

Sam Ransbotham, Sabyasachi Mitra Target Age and the Acquisition of Innovation
in High-Technology Industries

MS 2010

Jaideep Shenoy An Examination of the Efficiency, Foreclo-
sure, and Collusion Rationales for Vertical
Takeovers

MS 2012

Santiago Mingo The Impact of Acquisitions on the Perfor-
mance of Existing Organizational Units in the
Acquiring Firm: The Case of an Agribusiness
Company

MS 2013

Hassan Tehranian, Mengxing Zhao, Julie L.
Zhu

Can Analysts Analyze Mergers? MS 2014

Henri Servaes, Ane Tamayo How Do Industry Peers Respond to Control
Threats?

MS 2014

Carol Marquardt, Emanuel Zur The Role of Accounting Quality in the M&A
Market

MS 2015

David A. Becher, Jonathan B. Cohn, Jennifer
L. Juergens

Do Stock Analysts Influence Merger Comple-
tion? An Examination of Postmerger An-
nouncement Recommendations

MS 2015

Ling Cen, Sudipto Dasgupta, Rik Sen Discipline or Disruption? Stakeholder Rela-
tionships and the Effect of Takeover Threat

MS 2016

Oktay Akkus, J. Anthony Cookson, Ali
Hortaçsu
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